Use of wind turbines is rapidly growing because of environmental impacts and daily increase in energy cost. Therefore, improving the wind turbines' characteristics is an important issue in this regard. This study has two objectives: one is investigating the aerodynamic performance of wind turbine blades and the other is developing an efficient approach for shape optimization of blades. The numerical solver of flow field was validated by phase VI rotor as a case study. First, flow field around the wind turbine blades was simulated using computational flow dynamics (CFD) and blade element momentum (BEM) methods, then obtained results were validated by available experimental data to show an appropriate conformity. Then for yielding the optimal answer, a shape optimization algorithm was used based on artificial bee colony (ABC) coupled by artificial neural networks (ANNs) as an approximate model. Effect of most important parameters in wind turbine, such as twist angle, chord line, and pitch angle, was changed till achieving the best performance. The flow characteristics of optimized and initial geometries were compared. The results of global optimization showed a value of 8.58% increase for output power. By using pitch power regulate, the maximum power was shifted to higher wind speed and results in a steady power for all work points.
Introduction
Wind turbine became attractive after the fossil fuel price crisis, stricter environmental regulations, and improvements in technology. Wind turbine has been applied in a wide range in the world. However, by increasing the aerodynamic efficiency of wind turbine using optimization methods, they can be economically applied in the higher power capacities. Blade shape optimization is a multidiscipline process, consisted of aerodynamic, electrics, structure, and economics. For wind turbines, the aerodynamic performance has a major role in power generation and depends on turbine blade's shape. The general steps of a shape optimization algorithm can be categorized as [1] : (A) parameterization and geometry generation (B) objective function evaluation (C) minimizing the object function.
In parameterization of geometry, an accurate and flexible geometry expression can be attended which uses the minimum parameters for easier optimization. There are many methods for parameterization, for example, spline [2] , B spline [3] , and Bezier [4] that are also used in this study.
Simulation of flow around the wind turbine blades is very complicated. There are many methods available to simulate the flow around the wind turbine blades. One method called BEM [5] is widely used because of its reliability and fastness in 2D simulations. Weakness in modeling of three-dimensional (3D) and rotational effects is considered as the BEM limitations. On the other hand, BEM method needs the values of lift and drag forces versus angle of attack in order to calculate loads on each sectional airfoil [6] .
The other methods of flow simulations around the wind turbine blade are lifting surface, prescribed-wake code [7] , 3D actuator line model [6] , and CFD [8] .
Numerical simulations and CFD calculations of horizontal axis wind turbine (HAWT) have been done by some researchers. Earl et al. [9] compared the accuracy of three approaches consisted of BEM method, vortex lattice method, and Navier-Stokes equations solving on phase II wind turbine in their researches.
Aerodynamic performance of HAWT was investigated by Sorensen [10] using Ellipsis Code. Lanzafame et al. [11] simulated phase VI wind turbine with CFD. Moshfeghi et al. [8] investigated the effects of near-wall grid spacing of NREL phase VI. Hsu et al. [12] applied the ALE-VMS finite element formulation of aerodynamics for simulation of wind turbines at full scale. In this study, the wind turbine simulations captured the blade and tower interaction effects. Mo et al. [13] performed large eddy simulation of NREL phase VI to achieve a better understanding of the turbine wake characteristics.
Nowadays, due to the ability of doing the complex calculations by common computers, performance improvement of turbomachinery can be done using optimization methods coupled by CFD software. Tang et al. [14] did 2D airfoil optimization using unstructured mesh. Ghatage and Joshi [15] optimized vertical axis wind turbine and tested it. Dossing et al. [16] and Xudong et al. [17] studied the optimization of wind turbine by BEM method. Investigation of winglet effect on wind turbine performance and optimization was considered by Elfarra et al. [6] . In a previous study, optimization was done by genetic algorithms (GAs) coupled by 3D Navier-Stokes equations. Ribeiro et al. [1] optimized 2D airfoil of wind turbine blade and Sharifi and Nobari [18] predicted the optimal pitch angle of wind turbine. (Optimization was done using power coefficient and BEM method.)
We used various optimization algorithms for improving turbomachinery performances [19] [20] [21] . ABC algorithm was recently used for shape optimization of centrifugal pump impeller by Derakhshan and Kasaeian [22] . In this study, the ABC algorithm with ANN has been performed for optimization of pump blades.
The ABC algorithm has been introduced for global and general optimization. This method simulates the intelligent foraging behavior of honey bee swarm which is a simple, general, and very flexible algorithm [23] . The ABC algorithm was tested by many researchers, and the efficiency of the algorithm has been proved [24] . This algorithm is based on the searching behavior of a bee colony that used for multi-objective, combined, unrestricted, and restricted problems.
In the present study, a method based on this algorithm is coupled by ANNs for approximate model and a validated numerical flow solver has been used to 3D optimal design of a wind turbine blade.
Elia et al. used a new method that is developed by the authors, which optimizes the design of a wind production plant; this is achieved by installing generators in several locations that have different features of daily wind speed. In this way, a better use of the energy is encouraged [25] .
Yelmule and VSJ predicted the performance of NREL phase VI rotor experiments in NASA/AMES wind tunnel by CFD [26] . Gilbert and Foreman used the initial stages of the experimental development of the diffuser-augmented wind turbine and more than 3.4Â the power potential of an ideal wind turbine was measured [26] .
Selig and Coverstone-Carroll did an optimization method for stall-regulated horizontal-axis wind turbines, and the results have important practical implications related to rotors designed for the Midwestern U.S. versus those where the average wind speed may be greater application of a GA to wind turbine design [27] . Gorban et al. have shown that the helical turbine has an efficiency of 35%, making it performable for use in free water currents [28] .
Shape Optimization Algorithm Used for Optimization
Algorithm for shape optimization was described in Fig. 1 . First, the initial geometry is parameterized using the mentioned methods. Then a structured mesh is generated around the blade. Threedimensional Navier-Stokes equation is solved and the numerical results are compared to select an appropriate turbulence model and boundary conditions. In the next step, the geometry entered into the optimization process.
In the optimization process, because of requirement for many flow solutions to evaluate the objective function, the ANNs are used as an approximate model. To form the database of neural networks, by changing the key parameters in the performance of turbomachinery with a random function, several geometries are produced. Then using the artificial bee algorithm, the optimization is performed. The numerical results of both of solutions, neural networks and CFD, are compared. In the event of disagreement of answers, in order to increase the precision of neural networks, the optimized parameters and objective function of the CFD results are added to the database and this process is continued until either the same prediction. Finally, optimized geometry is presented.
Preoptimization Process
2.1.1 Defining Parameters and Generation of 3D Shape of Blade. The phase VI rotor was designed by Giguère and Selig [29] from 1998 through 1999 under contract by NREL. Wind tunnel test was completed by NREL in 2000 at NASA Ames Research Center. This model was used in this study. These turbine blades are tapered and twisted. This turbine has stall-regulated blades with 10 m diameter that have the S809 sections from root to tip in different twist angles and cord line size that the pitch angle set to zero at 75% of the span and at the next sections, the twists are negative. The twist angle is a maximum twist of 20.04 at root. To test this turbine in wind tunnel, a two-blade configuration with 5.029 m radius, 3 deg pitch angle, and 71.63 rpm radius speed was used [30] .
Unsteady aerodynamics experiments on full-scale wind tunnel was completed in a 24.4 m Â 36.6 m wind tunnel in 1999 at NASA Ames Research Center. Several sections were used for exact modeling of rotor that the control points were connected to each other by spline curves. Figures 2(a) and 2(b) show the designed blade in different views. In Fig. 3 , the tested rotor and the designed rotor are shown.
Numerical Simulation Methods.
In the optimization process, there is a need to solve all the geometries in database. For that, reasonable and valid simulation is very important.
2.1.2.1 BEM method. The BEM approach was applied for simulation and comparison of the power results. In this method, the blade is divided into several sections and turbine characteristics are calculated using 2D airfoil dates.
According to Ref. [31] , U is the angle of the relative velocity and plane of rotation defined by Eq. (1) and h is the local pitch angle defined by combination of pitch angle and local twist angle (Eq. (2))
where a and a 0 are axial and tangential induction factors, respectively, calculated by Eqs. (3) and (4) . At first, these factors are equal to zero [24] 
where r is the fraction of the annular area in the control volume called rotor solidity
And F is
2.1.2.2 CFD method. Flow simulations were entirely performed by means of a commercial 3D Navier-Stokes CFD code which uses the finite element-based finite volume discretization method. It is a fully implicit solver, thus creates no time step limitation and is considered more flexible to implement. A coupled method was exploited to solve the governing equations, meaning that the equations of momentum and continuity were solved simultaneously. This approach reduces the number of iterations required to obtain convergence, and no pressure correction term is required to retain mass conversion, leading to a more robust and accurate solver.
The governing equations for the steady incompressible turbulent flow are the continuity (Eq. (8)) and the Reynolds average Navier-Stokes (Eq. (9)) equations where u i is the averaged velocity component in the i direction, qu 0 i u 0 j is the Reynolds stress, P is the averaged pressure, l is the viscosity, and F i is the averaged external force component. To consider turbulence, the Reynolds stresses are modeled with Boussinesq approximation. The Boussinesq approximation causes to use an eddy viscosity to model the turbulence Reynolds stresses
where k is the turbulent kinetic energy which can be defined as
To calculate the Reynolds stresses, the k-e Launder Sharma is a low Reynolds model, which is based on renormalization analysis of Navier-Stokes equations, was employed [32] .
Mesh Generation.
Mesh must be without any negative volume and be robust in order to avoid disorganization in the optimization process with different parameters' amount and geometry changing. Computational domain was divided to 16 parts. Domain in radial direction was sextuple of blade radius and in axial direction was 15Â of blade radius that is shown in Fig. 4 .
The total number of nodes was 2,697,136 that the number of nodes on blade was 1,527,115. The thickness of the mesh on the blade was 1 Â 10 À5 that concluded y þ value between 0.2 and 1.1. Mesh in blade-to-blade view and on blade has been shown in Figs. 5 and 8, respectively. The solution independency of wind turbines power from grid number was checked for blade (Fig. 6 ). It was found that power varies by less than 0.05% for the blade when grid numbers are more than 1.17 Â 10 6 . Figure 7 shows comparison between the experimental results in NASA Ames Research Center and the computation results for power in six different wind speeds.
Numerical Results.
According to Fig. 7 and Table 1 , results of simulated flow are agreement with experimental results.
First, the pressure coefficient on special sections was calculated by Eq. (12) . Then the normal and tangential force coefficient was calculated by integrating of pressure coefficients by Eqs. (13) and (14) .
Pressure coefficient can be calculated as
where U 1 is the flow speed in m/s, r is radius of section, X is rotational speed, and q 1 is density in kg/m 3 . By integrating in different sections
where x i is the distance along the chord and y i is the chord perpendicular distance that starts from the trailing edge of the upper surface of the blade and returns to the same point from lower surface. The pressure coefficients on different sections were compared in five different spanwise sections: 30%, 46.7%, 63.3%, 80%, and 95%. This coefficient was calculated in three wind speeds of 7 m/s, 10 m/s, and 15 m/s [26, 29, 30] .
The figures of pressure coefficients (Figs. 8-10 ) show considerable agreement with experimental data. May noticed that some of the figures show large differences between numerical and experimental results. By investigating the velocity contours and the pressure coefficients at that section and speed, a separation occurs. The separation causes large vorticities and it is hard for the turbulence models that investigated in this paper to capture those. The other reason is that the results of experiment are in wind tunnel but the numerical simulation did not consider the wind tunnel. Figures 11 and 12 indicate the results of C T and C N that were calculated using Eqs. (15) and (16) Transactions of the ASME As shown in Fig. 11 at prestall wind speeds (low speeds), the lift is higher than the drag, so considering the direction of forces on an airfoil with low twists, C T is positive. Hence, the torque is positive and rotation of blade with driving force has same direction.
At stall wind speeds (like 10 m/s), the lift increased and concluded to higher C T and C N . After stall area, the lift decreases and the drag increases immediately, so in these wind speeds (like 15 m/s wind speeds) C N and C T decrease. There is a reasonable agreement between CFD results and experiment measured. Negative value of C T in a section means that driving force at that section is negative.
The differences between experiment and numerical results can be leaded from two reasons: first, the experiment test was done in a wind tunnel but the numerical simulation did not consider the tunnel. Difference in C T might be related to difficult measuring of C T values in testing of wind turbine because of very small values of C T and a small change of experiment error in the lift or the drag causes a big error in C T .
Optimization Process
2.2.1 ANNs. The ANNs can be applied to help the optimization algorithm. The ANNs are composed of simple elements operating together in parallel.
In ANN, inputs and outputs are trained for estimating the output of a required input.
In shape optimization, for calculation of objective function for each geometry, one needs to solve the fluid flow field around all geometries with high cost and long time.
To solve this problem, ANN coupled by the ABC algorithm was used.
In this study, two types of ANN have been used: for optimization of twist and pitch angle, generalized regression neural networks [33] and for optimization of chord, fid forward neural networks with back propagation were used.
ABC Algorithm.
The ABC algorithm that simulates the intelligent foraging behavior of honey bees was proposed by Karaboga for optimizing numerical problems [34] . This algorithm is a very simple and robust optimization algorithm and can be applied in multi-objective, combinatorial, unconstrained, and constrained optimization problems [33] .
The performance of the ABC algorithm on training the ANN is examined by Karaboga and Ozturk [35] . By researchers, performance of the ABC algorithm is compared with some known modern heuristic algorithms such as particle swarm optimization, GA, and differential evolution on constrained and unconstrained problems.
The colony of the ABC algorithm contains three groups of bees: employed bees, onlooker bees, and scout bees. A bee is named onlooker, makes a decision to choose a food source, employed bees go to the food sources visited by it before. Scout bee discovers new sources with a random search.
In fact, scout bee is a starting solution of the problem. In this new algorithm, a possible solution to the optimization problem is indicated by the position of a food source and the nectar amount of a food source represents the fitness value or quality value of the solution (or food sources). The number of the onlooker bees or the employed bees is equal to the solutions.
Optimization algorithm must be able to breed to current respond to achieve better responses (exploitation) and of course search for different solutions (exploration).
For this purpose, in the ABC algorithm, we leave the area when we are unable to improve it, so we do not search there.
In the ABC algorithm, the first stage of the algorithm is generating and evaluating the initial random responses (N POP ). The next step is to move the employed bees using the following equation and evaluation of fitness or new nectar
where k ʦ [SN] and j ʦ [D] are randomly chosen indexes; k has to be a different from i; / is a random number between À1 and 1; Considering V i ¼ ðv i1 ; v i2 ; :::; v iD Þ and X i ¼ ðx i1 ; x i2 ; :::; x iD Þ, if V i is better than X i , it will be replaced in memory of employed bees while the old location saved for failing to investigate in future search. If X i is better than V i , X i gets a negative score for abandonment. In the dance area, onlooker bees get information about foods and places from employed bees.
An onlooker bee evaluates the nectar amount of the food source in the position i and from information taken from all employed bees by
and chooses a food source depending on the probability value associated with that food source, expressed by
If there is a site that its negative scores (the number of lack progress) are equal to defined limit value, its position should be replaced with a random answer. This process is repeated until optimal parameter achieved.
Objective Function.
The objective of this study is an aerodynamic optimization of wind turbine. The multi-objective optimization was applied based on increasing the torque and the constant thrust. The objective function used in this research is
Optimization Results
The optimization algorithm was implemented on a wind turbine phase VI. At the first step, the twist and the pitch angle and the Fig. 7 Comparison of experimental power and computed power 3.1 Optimization of Twist Angle. The twist angle influences the flow separation and stall point at a wind speed. Wind turbine blade with bad twist angle or nontwist blades reduces considerable power generation of turbine. Twist in blade causes complexity in blade and increases manufacture cost, but today this problem is solved by manufacturing blades of fiber-glass. The convergence history of the optimization process is shown in Fig. 13 that indicates the error between validated CFD results and surrogated model of ANN reduces. And these numerical methods converged after 18 iterations. Results of optimization showed 8.3% increase in power generation in 10 m/s and average percentage increase of power 3.3 in all wind speeds. Comparison between initial and optimized power curves is shown in Fig. 14 .
Results showed that with optimization of the twist angle power is increased without thrust increasing. This is because of special objective function. Using the pitch regulated the blade can shift the optimal point to high wind speed that investigated in Sec. 3.3.
3.2 Optimization of Chord Size. In chord optimization, nine sections were used. As investigated before, after creating the database with different geometries and ANN training, the optimization algorithm to optimize the shape will be the next step.
In Fig. 15 , convergence history of the optimization process by comparison between objective function of CFD and ANN is shown. Numerical methods converged after 18 iterations.
Numerical comparison shows an increase of 3.7% in wind turbine power in 10 m/s wind speed and average percentage increase of power 1.2 in all wind speeds. Comparison between initial and optimized power curves is indicated in Fig. 16 .
Optimization of the Pitch Angle and Changing in
Power Regulation. Phase VI rotor is a stall-regulated rotor. By this system of power regulation, just one optimal point in one wind speed would exist, and because wind speed's regulation is not available for operator, using pitch regulation method and rotating the blades can capture the steady powers in high wind speeds.
The optimization of the pitch angle was done in six wind speeds: 10, 12, 14, 16, 18, and 20 m/s. Comparison between original blade and the pitch regulated blade is shown in Fig. 17(a) and the optimal pitch angle versus wind speed is shown in Fig. 17(b) . This optimization caused 25.5% increase in all wind speeds.
3.4 Final Design. Universal optimization was done by the optimization of twist angle and chord size simultaneously and adding power regulation concluded by the pitch optimization. Optimal and initial powers are shown in Fig. 18 . This optimization caused 8.6% in 10 m/s and using the pitch-regulated blade can shift the optimal point to high wind speed. Table 2 shows the comparison between initial results of CFD and BEM method and optimization results by both approaches.
To investigate the changes in the torque and hence changing in the power also changes in the thrust, there is a need to investigate aerodynamic forces and consider the changes versus the validated aerodynamic forces. The normal and the tangential forces are shown in Figs. 19 and 20 .
Increasing the C N shows increasing of the thrust. and 15 m/s. As mentioned, the negative value of C T denotes the negative value of driving forces, and hence, the negative value of torque. The term of torque is in the denominator. So the optimization problem has become a minimization problem. As mentioned in the second part of this equation, by reducing the difference between the thrust produced by the geometry and the initial thrust, the minimization problem concluded to be very low by increasing the turbine thrust and the torque, and hence the power generation. These results increase in power generation with constant structural forces on the tower of turbine. Comparison between initial and optimum blade is shown in Fig. 21 . The velocity contours are shown at 10 m/s wind speed in Fig. 22 (a) for original blade and The corresponding times required to optimize the twist, the cord, and the final optimization were 247, 208, and 485 hrs, respectively. The computation was done using PC with Intel core 2 of 2.5 GHz and 4 GB of RAM memory.
Conclusions
An efficient algorithm was used for optimization of wind turbine blades called ABC. First, flow simulation around the wind turbine blade using CFD and BEM methods was done and results of CFD showed good agreement with experimental data then flow characteristics were exploited.
This numerical method was conducted for all of the geometries created for the ANNs and optimization was done.
Numerical results for twist optimization showed 8.3% increasing in power generation in 10 m/s and average percentage increasing of power 3.3% in all wind speeds. In the chord optimization, numerical comparison shows an increase of 3.7% in wind turbine power in 10 m/s wind speed and an average percentage increase of power 1.2% in all wind speeds. Universal optimization caused increasing 8.6% in 10 m/s and using pitch regulated blade can shift the optimal point to high wind speed, so the type of power regulation was changed to pitch regulation.
The results indicated the reasonable improvement in optimal design of wind turbine phase VI by this algorithm. Finally, numerical results of CFD and BEM methods in initial and optimized geometries were compared. 
